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Available online 11 December 2015Amicroalgae growthmodelwas developed for predicting biomass productivity in outdoor ponds under nutrient-
replete conditions and diurnally ﬂuctuating light intensities and water temperatures. The model was validated
for three different species (Chlorella sorokiniana, Nannochloropsis salina, Picochlorum sp.), successfully predicting
biomass growth and productivity in all three cases in raceway pond cultures.
The model can be run in batch and continuous culture mode at different culture depths and, in addition to inci-
dent sunlight and water temperature data, requires the following experimentally determined strain-speciﬁc
input parameters: growth rate as a function of light intensity and temperature, biomass loss rate in the dark as
a function of temperature and light intensity during the preceding light period, and the scatter-corrected biomass
light absorption coefﬁcient. Light attenuation due to biomass was estimated on the basis of a scatter-corrected
Beer–Lambert law in a culture theoretically divided into discrete volume layers which receive decreasing
amounts of light with depth.
Sensitivity of model predictions to deviations in input parameters was moderate. To increase the predictive
power of this and other microalgae biomass growth models, a better understanding is needed of the effects of
mixing-induced rapid light–dark cycles on photo-inhibition and short-term biomass losses due to dark respira-
tion in the aphotic zone of the pond. The model is also applicable to photobioreactor cultures.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
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Raceway pond1. Introduction
The use of microalgae for the production of carbon-neutral drop-in
biodiesel and jet-biofuel has attracted increasing interest due to acceler-
ating global climate change [1]. An economically feasible microalgae
biofuels production process requires that strains be found that exhibit
high annual biomass productivities (greater than 30 g/m2-day) in out-
door culture systems [2]. Signiﬁcant efforts have been undertaken in a
variety of research organizations to ﬁnd microalgae strains which,
through either prospecting or genetic engineering, might be suitable
for large-scale, economically viable biofuel production.
A major challenge is the identiﬁcation and selection of strains that
have the potential to achieve high annual biomass productivities in out-
door ponds. Even though a strain may grow well in laboratory cultures
under particular incubation conditions (e.g., room temperature and rel-
atively low light intensities), there is no guarantee that it will perform
satisfactorily in outdoor pond cultures that are subjected to daily
and seasonal water temperature and light ﬂuctuations. Furthermore,
unless experiments are speciﬁcally designed to generate data foresemann).
. This is an open access article underinput to a predictive growth model, it is impossible to extrapolate the
ﬁndings from the laboratory to determine the operating conditions
(i.e., culture depth, dilution rate) and the geographic pond location
where biomass productivities (monthly or annual) for a given strain
will be optimal. A possible solution, suggested earlier by Huesemann
et al. [3], is the use of a biomass growth model to predict outdoor
pond performance, using a limited number of strain-speciﬁc model
input parameters that are measured in laboratory cultures in conjunc-
tion with measured or predicted, via the PNNL Biomass Assessment
Tool (BAT) [4–7], sunlight intensity and pond water temperature data
(or time series, termed “scripts”).
Since light and temperature are the primary determinants of bio-
mass productivity in outdoor pond cultures operated under nutrient-
replete (N, P, CO2, etc.) and well-mixed conditions, it is necessary to
know the selected strain's speciﬁc growth rate as a function of these
two variables. There is a large body of literature on the effects of increas-
ing light intensity on a microalgae species' maximum speciﬁc growth
rate or photosynthetic oxygen evolution rate, resulting in useful knowl-
edge about the quantum efﬁciency, the saturating light intensity, and
potential photo-inhibition [8–10]. There are also a few studies on the re-
lationship between speciﬁc growth rate and temperature for multiple
[11,12] or individual species [13–16]. However, this information is ofthe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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for outdoor pond cultivation, given that each strain has its own unique
light and temperature response curves. Consequently, for each selected
strain, themaximum speciﬁc growth rate must bemeasured during the
exponential growth phase in unshaded cultures as a function of light in-
tensity and temperature.
Light and temperature also affect the rate of biomass loss overnight
due to dark respiration. Biomass-speciﬁc dark respiration rates in
microalgae are highly species-dependent, varying from 0.01 to
0.6 day−1, and can comprise as much as 30% of the strain's maximum
speciﬁc growth rate [17]. Ryther and Guillard [18] determined the respi-
ratory coefﬁcient (g carbon respired per hour per gram chlorophyll) for
ﬁve diatoms at 5, 10, 15, 20, and 25 °C, demonstrating a signiﬁcant differ-
ence among these species. Grobbelaar and Soeder [19] measured respira-
tory oxygen uptake rates for two microalgae species in dark ponds and
found these to be dependent on incubation temperature, time duration
in the dark, and on the temperature and light intensity under which the
microalgae had previously been cultivated. Torzillo et al. [20] cultivated
Spirulina platensis in outdoor tubular photobioreactors and reported that
night biomass loss depended on the temperature and light intensity at
which the cultures were grown. When culturing Chlorella pyrenoidosa,
Ogbonna and Tanaka [21] observed that the magnitude of biomass loss
during the dark period was positively correlated with the temperature
during the dark period and negatively correlated with the temperature
during the light period. Furthermore, cells in the light-sufﬁcient exponen-
tial growth phase exhibited much larger biomass loss in the dark than
those in the light-limited linear or stationary growth phase, possibly indi-
cating that the average light intensity that cells receive during the light
period affects the accumulation of photosynthetic energy storage prod-
ucts and thus the magnitude of biomass loss due to dark respiration of
these compounds. Therefore, in order to model biomass loss in the dark,
it will be necessary to know, for a given strain, how the rate of biomass
loss during the dark period is affected by temperature and average light
intensity during the light period.
Over a hundred mathematical and numerical models for predicting
phytoplankton net primary productivity [e.g., 22] ormicroalgae biomass
growth in photobioreactors and ponds have been published [e.g.,23–
31]. Generally in thesemodels, light attenuationwithin the culture is es-
timated and the rate of biomass growth is predicted as a function of ei-
ther incident or absorbed light [3,31]. With few exceptions [32–36],
most models rely on Beer–Lambert's law to determine the light intensi-
ty as a function of culture depth and biomass concentration. This, how-
ever, is problematic for high density cultures where light scattering can
be signiﬁcant [31]. In addition, models that attempt to incorporate bio-
mass loss in the dark use assumed, rather than measured, dark respira-
tion rates or maintenance energy requirements [23,28,30,31].
Unfortunately, current models are not useful for screening novel
strains in terms of their potential to achieve high biomass productivities
in outdoor cultures. This is due to the fact thatmostmodels are complex
and require the input of large numbers of parameters,most of which are
difﬁcult, expensive or time-consuming to determine or, worse, have
values which simply must be postulated. In addition, most models
have not been validated or their validation has been questionable [3].
In a recent review of over 40 microalgae growth modeling approaches,
Bechet et al. [31] state that “most of themodels hitherto described in the
literature have not been validated under conditions relevant to outdoor
cultivation.” As Chalup and Laws [37] wrote more than 20 years ago
when reviewing existing microalgae growth models: “With a judicious
choice of parameter values, the models almost always seem to give a
good ﬁt to available experimental data.” If a model requires many
input parameters, it is easy to make appropriate “judicious choices,”
convenient assumptions, or to select the “right” values from the exten-
sive literature until a good model ﬁt to the experimental culture data is
obtained. This can lead to a phenomenon called “overﬁtting,” resulting
in a poor ability to predict because such a model will describe noise
rather than actual trends [31]. While a reasonable model ﬁt may showthat the predictions are pointing in the right direction, it is questionable
whether such a model, in the absence of rigorous validation, can be
trusted to accurately forecast the performance of outdoor pond cultures.
Building on our earlier modeling work [3], our objective here is to
develop and validate, for three different microalgae species, a biomass
growth model based on (a) independently measured strain-speciﬁc
input parameters (scatter-corrected biomass light absorption coefﬁ-
cient, speciﬁc biomass growth or loss rate as a function of light and tem-
perature), (b) environmental parameters (incident light intensity,
water temperature), and (c) key culture operational parameters
(depth, dilution rate). This will enable the reliable prediction of biomass
productivities in raceway ponds subjected to daily light and tempera-
ture ﬂuctuations.
2. Microalgae biomass growth model
The microalgae growth model presented here and validated for
three independent strains has been designed to screen for those strains
which exhibit signiﬁcant potential for high biomass productivities in
outdoor ponds under nutrient-replete conditions (Figure S1). It is as-
sumed that light and temperature are the key and instantaneous deter-
minants of microalgae growth and productivity, and that no other
factors such as nutrients, CO2, andmixing (i.e., mass-transfer) are limit-
ing. Furthermore, it is assumed that the culture pH remains constant via
feed-back controlled CO2 addition and that there is no growth inhibition
by photosynthetic oxygen or other compounds.
The pond water temperature (T) is easily measured or predicted
using the mass and energy balance pond temperature model within
the Biomass Assessment Tool. According to Beer–Lambert's law, for a
given biomass concentration (B), light (PAR, 400 to 700 nm) attenuates
as a function of light penetration distance (z) as follows:
I zð Þ ¼ I0  e−ka Bz ð1Þ
where Io is the incident light intensity at the culture surface, I(z) is the
light intensity at depth (z), and ka is the biomass light absorption
(extinction) coefﬁcient for the entire PAR range (400–700 nm). Since
the biomass concentration B increases in a growing culture, the light at-
tenuation increases with time.
Beer-Lambert's law states that the light absorbance (A= log10(I0/I)) is
directly proportional to the compound's concentration and light path
length. This relationship is linear but applicable only to monochromatic,
collimated light in dilute light-absorbing solutions where scattering is
negligible [38]. Although these conditions are generally not fulﬁlled in
dense pond cultures illuminated by full spectrum sunlight, most
microalgae biomass growth models employ Beer–Lambert's law to esti-
mate the light intensity as a function of depth. In order to account for pos-
sible light scattering in dense microalgae cultures, we utilized an
experimentally determined scatter-corrected biomass light attenuation
coefﬁcient (ksca), following a procedure adopted from Suh and Lee [39],
for the prediction of light intensity as a function of light penetration dis-
tance z and biomass concentration B (seeMaterial andMethods section):
ksca ¼ ka  KBKB þ B 
Kz
Kz þ z ð2Þ
where KB and Kz are the light scattering coefﬁcients related to biomass
concentration (B) and light path length (z), respectively.
If the culture volume is discretized into n equal volume layers or-
thogonal to the incident light, the biomass concentration in each layer
is assumed to increase exponentially from B(t) to B(t + Δt) during
time interval Δt as follows:
B t þ Δtð Þ ¼ B tð Þ  eμΔt ð3Þ
where μ is the speciﬁc growth rate (day−1) in the respective volume
layer. The speciﬁc growth rate is affected by water temperature (T)
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mixing, the water temperature is the same in all volume layers and can
be predicted as a function of time using the pond energy balancemodel
which is part of the biomass assessment tool (BAT, see below). The light
intensity in each volume layer can be predicted via Beer–Lambert's law
(Eq. 1) using the experimentally determined scatter-corrected light at-
tenuation coefﬁcient (Eq. 2).
Since the application of Eq. (3) requires knowledge of the speciﬁc
growth rate at the particular temperature and light intensity within
each discretized volume layer, it is necessary to know how μ varies
with temperature and light intensity. In dilute cultures with minimum
self-shading, the speciﬁc growth rate of microalgae can be experimen-
tally determined as a function of temperature and light as follows:
μ ¼ f T; Ið Þ ð4Þ
where f(T,I) is the two dimensional array (or surface) of speciﬁc growth
rates measured for different combinations of temperature and light in-
tensity values. Since each microalgae strain has a unique response to
light (i.e., compensation light intensity, saturating light intensity,
photo-inhibition) and temperature (i.e., optimum temperature, tem-
perature tolerance range), the function f(T,I) is strain-speciﬁc and
must be experimentally determined prior to running themodel. It is as-
sumed that individual cells respond instantaneously to the new light
conditions as they enter each successive volume layer and that they ex-
hibit the corresponding experimentally determined speciﬁc growth rate
for that particular light intensity. This response has been veriﬁed in our
laboratory by measurements of conventional P–I curves which clearly
indicate that changes in light intensity produce immediate changes in
photosynthetic oxygen evolution [3,43]. Others have found the same
[23,40–42].
Since biomass loss overnight due to dark respiration can have a sig-
niﬁcant, negative effect on biomass productivity [19–21], it is necessary
to know the rate of biomass loss (μdark) in the absence of light (I= 0) as
a function of temperature (T) and the average light intensity (Iavg) to
which the cells were exposed in themixed pond culture during the pre-
ceding day:
μdark ¼ f T ; Iavg
 
: ð5Þ
Iavg is calculated by averaging the depth-integrated light attenuation
proﬁles (Eqs. 1 and 2) in the pond culture for each time step (Δt) over
the entire day preceding the night in which biomass loss due to dark
respiration occured. Biomass loss rates in the dark (μdark) as a function
of temperature (T) and average light intensity (Iavg) were independent-
ly determined in laboratory experiments as described in Materials and
Methods.
In summary, the modeling procedure involves the following steps:
1. Select an initial biomass concentration, B(t= 0);
2. Discretize the culture volume into n equal-sized parallel volume
layers orthogonal to incident light;
3. Calculate the light intensity at the midpoint of each of the n culture
volume layers (Eqs. 1 and 2, Figure S1);
4. For daytime conditions, determine the speciﬁc growth rate (μ) in
each of the n culture volume layers using experimentally determined
strain-speciﬁc growth rate data (Eq. 4). Since cells in well mixed
dense cultures during the daytime are exposed to high average
light intensities at or near the surface of the pondwhile receiving lit-
tle or no light during their short residence time in the bottom part
for the pond and therefore may lose biomass due to dark respiration,
the speciﬁc (negative) growth rate in the complete absence of light
(I=0 μmol/m2·s−1) was assumed to be μdark for the experimentally
determined case of high average light intensity during the late expo-
nential growth phase (Table S1).
5. For nighttime conditions, calculate the biomass loss rate in the dark
(μdark) as a function of pond water temperature and the averagelight intensity during the preceding day, using experimentally deter-
mined biomass loss rate data (Eq. 5, Table S1);
6. Calculate the increase (μ during day) or decrease (μdark during night)
in biomass concentration in each of the n culture volume layers dur-
ing time interval Δt (Eq. 3);
7. Determine the new biomass concentration B(t + Δt) in the entire
culture by numerically averaging the biomass concentrations of all
n culture volume layers (B= ΣBi/n);
8. Repeat steps 3 through 7 for each time step Δt until the desired ﬁnal
time.
This modeling routine was programmed in Visual Basic for Applica-
tions (VBAMicrosoft Excel) andMATLAB®(for integrationwith theBio-
mass Assessment Tool), using n= 100 and Δt= 5min.
3. Materials and methods
3.1. Microorganisms and media
Chlorella sorokiniana (DOE 1412) was isolated from surface water in
Texas by Dr. Juergen Polle (Brooklyn College) and grown at pH 7 in
freshwater BG-11 medium containing 17.6 mM NO3 and 0.66 mM PO4
[3]. Nannochloropsis salina CCMP 1776 was obtained from the Bigelow
culture collection and grown at pH 7.5 in f/2–Si artiﬁcial seawatermedi-
um prepared using Instant Ocean (added to achieve 35 ppt salinity)
containing 4mMNO3 and 0.1mMPO4 [44]. Picochlorum sp.was isolated
from a mixed culture at Los Alamos National Laboratory and grown at
pH 7 in artiﬁcial seawater (Instant Ocean) f/2–Si medium (salinity =
35 ppt) containing 8.8mMNO3 and 0.254mMPO4. The high concentra-
tion of N and P in allmedia and periodicmonitoring ensured that no cul-
tures were ever nutrient limited during the experiments.
3.2. Measurement of biomass concentration
Biomass concentration was measured as optical density at 750 nm
(OD750) and as ash-free dry weight (AFDW, g/L), as described in Van
Wagenen et al. [45].
3.3. Measurement of the scatter-corrected biomass light absorption
coefﬁcient (ksca)
The respective microalgae culture was placed in a white translucent
container (30 cm diameter, 42 cm height) mixed from below with a
magnetic stirrer and illuminated from above with a multi-color LED
panel simulating sunlight at ca. 2000 μmol/m2·s−1. The light intensity
was measured with a leveled LI-COR underwater light sensor (LI-
192SA) connected to a LI-COR light meter (model LI-250A) as a function
of light penetration distance in 1 cm increments. Light attenuation pro-
ﬁles were measured twice (i.e., stepwise with increasing and decreasing
depth) for at least 10 different biomass concentrations, ranging from an
OD750 of ca. 0.1 to ca. 3.6. The biomass light absorption coefﬁcient ka
(Eqs. 1 and 2) was separately determined in triplicate for dilute culture
samples (OD750 b 0.3) in a 1 cm path-length cuvette by measuring light
absorption relative to a medium blank with a quantum sensor (PAR, LI-
190) as described in Huesemann et al. [3]. For each light attenuation pro-
ﬁle, the Excel solver function was used to obtain the pair of KB and Kz
values (Eq. 2) that gave the bestﬁt viaminimizing the sumof squared re-
siduals. Since KB and Kz were functions of biomass concentration, inter-
polated values were used to predict the light attenuation proﬁles for
the numerous incremental OD750 values during the modeling exercise.
3.4. Measurement of the speciﬁc growth rate (μ) as a function of incident
light intensity and temperature
Themaximumspeciﬁc growth rate of eachmicroalgae strainwasde-
termined as a function of temperature in dilute, light-sufﬁcient,
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placed on a thermal gradient incubator (8 temperatures, ranging from
ca. 13 to 45 °C) as described in Van Wagenen et al. [45]. The culture
pH was maintained at the desired set-point (7 or 7.5, see above)
by sparging the respective media with CO2-enriched air [3]. All
cultures received continuous lighting at above saturating light intensity
(≈300 μmol/m2·s−1 or slightly higher), using a multi-colored LED
panel simulating the sunlight spectrum. For the case of C. sorokiniana
(DOE 1412), the maximum speciﬁc growth rate was also measured
in dilute cultures as a function of light intensity ranging from 44 to
1950 μmol/m2·s−1 [45].
3.5. Measurement of the photosynthetic oxygen evolution rate (P) as a
function of incident light intensity and temperature
Temperature adapted samples were taken from the thermal gradi-
ent incubator (TGI) cultures, and the rate of photosynthetic oxygen evo-
lution was measured as a function of light intensity (P–I curves) at each
respective TGI temperature using a computer-controlled oxygraph
Chlorolab system as described by Huesemann et al. [43].
3.6.Measurement of the biomass loss rate (μdark) in the dark as a function of
temperature and average light intensity
The threemicroalgae strainswere grown at ca. 24 °C in their respec-
tive media in well mixed 1 L Roux bottles sparged continuously with
CO2-enriched air tomaintain the desired pH set-points (see Edmundson
and Huesemann [46] for additional details). The cultures were illumi-
nated with white LED lighting at an average surface light intensity of
500 μmol/m2·s−1. Following inoculation, the cultures were allowed to
grow for 14 h under continuous illumination, split into four aliquots,
which were then incubated in 125 mL shaker ﬂasks for 10 h in the
dark on a thermal gradient incubator (@70 rpm) at four temperatures
(ranging from ca. 10 to 30 °C). During the dark incubation, cultures
were sparged with humidiﬁed, sterile ﬁltered CO2-enriched air to
avoid oxygen depletion and to maintain the medium pH. Evaporation
due to sparging over the 10 h period was compensated by addition of
sterile, deionized water. Biomass concentrations (duplicate AFDW)
were measured at the beginning and end of the dark period and used
to calculate speciﬁc dark loss rates (μdark). Experiments were carried
out repeatedly ensuring reproducibility at three initial optical densities
(i.e., OD750 of ca. 0.4, 1.0, and ca. 3.0) to simulate different growth stages
(i.e., late exponential, linear, and late-linear, respectively) during the
light period prior to the dark incubations. The biomass light absorption
coefﬁcient ka of culture samples was measured as described above and
used to calculate the average light intensity (Iavg) “experienced” by the
cells during the light period [47]:
Iavg ¼ I0  1−e
−ka OD750 d
ka  OD750  d ð6Þ
where d is the Roux bottle culture thickness (d=0.045m). The average
light intensity was determined using the average OD750 during the light
period for each of the three growth stages, i.e., average OD750 = 1/2
(ﬁnal OD750− initial OD750).
3.7. Outdoor raceway pond culture experiments
N. salinawas cultured in nutrient-sufﬁcient f/2–Si medium in tripli-
cate outdoor raceway ponds,maintained at pH 7.5 by periodic CO2 addi-
tion via a feedback controlled solenoid valve, in Tucson, Arizona (USA),
from January to April 2011, as described by Crowe et al. [44]. The race-
way pond cultures (3 m2 surface area, ca. 0.25 m depth, 800 L) were
mixed with a paddlewheel to achieve an average channel ﬂow velocity
of about 0.28m/s. The ponds were inoculated with exponentially grow-
ing photobioreactor seed cultures. Makeup water was added daily tocompensate for evaporative losses and to maintain the culture depth
at 25 cm. During the initial phases of the batch culture experiment
until about March 9 or Day of Year (DOY) 69, the ponds were covered
at night with insulation in an effort to keep water temperatures from
decreasing below 10 °C (Figure S2).
3.8. Indoor raceway pond culture experiments
Two indoor 800 L temperature-controlled (via Labview™ software)
ﬁberglass raceway ponds, of design similar to the outdoor ponds, each
illuminated with a panel containing 4500 multi-colored computer-
dimmable LEDs (Figure S3), were used to perform the culturing exper-
iments for Chlorella and Picochlorum spp. (see Huesemann et al. [48] for
more details on PNNL's climate-simulation ponds).
Chlorella sp. had originally been cultured in batch and semi-
continuous mode in triplicate outdoor raceway ponds in nutrient re-
plete BG-11medium,maintained at pH 7 via intermittent CO2 sparging,
in Rimrock, Arizona (USA), from June through August, 2012. However,
as described in Huesemann et al. [48], there is evidence that these
three outdoor pond cultures performed less optimally, due to various
mishaps and possible environmental stressors, than two indoor pond
cultures that were operated under conditions simulating the outdoor
ponds, i.e., using light and temperature scripts (Figure S4) collected dur-
ing the outdoor cultivation study in Arizona. Therefore, the biomass
growth model for Chlorella sp. was validated using the more reliable
data collected from the two indoor climate-simulation ponds. As in
Arizona, the indoor ponds (culture depth = 25 cm) were operated ﬁrst
in batch culture mode (DOY 162 to 195) followed by semi-continuous
culture mode at two different dilution rates (D = 0.45 day−1 from
DOY 195 to 210, and 0.21 day−1 from DOY 210 to 221). During semi-
continuous pond operation, a speciﬁed fraction of the culture volume
(e.g., 45% if D = 0.45 day−1) was removed each day and replaced by
fresh medium until a steady-state, as indicated by more or less constant
biomass concentrations, was achieved. The incident light intensity and
pond water temperature data collected during the outdoor cultivation
study (Figure S4) were loaded into the LED and temperature controllers
to simulate the daily light and temperature ﬂuctuations observed in the
outdoor pond cultures at the Rimrock, Arizona, site.
For Picochlorum sp., two indoor climate-simulation pondswere ﬁlled
with f/2–Si medium and operated in batch culture mode at pH 7, main-
tained via intermittent CO2 sparging, for 28 days at the constant depth
of 0.205 m. The biomass growth model was run, using the experimen-
tally determined input parameters for Picochlorum sp. (Figs. 1 and 6,
Table S1), in conjunction with the Biomass Assessment Tool (BAT) [4]
to identify outdoor pond locations ofmaximumannual biomass produc-
tivity for this strain. After identifying the best outdoor pond location in
Southern Florida, the BAT used 30 year meteorological data to generate
light intensity and water temperature scripts for use in this cultivation
study. The two indoor ponds were then operated using light and tem-
perature scripts for May, the month of highest predicted biomass pro-
ductivity at this location (Figure S5).
4. Results and discussion
4.1. C. sorokiniana: laboratory characterization and pond culture modeling
As shown in Fig. 1, C. sorokiniana exhibited a signiﬁcantly higher
maximum speciﬁc growth rate than N. salina or Picochlorum sp. over
the entire temperature range tested. The optimum value of the maxi-
mum speciﬁc growth rate was 5.9 day−1 for Chlorella at 36.1 °C, and
only 1.1 day−1 for N. salina at 26.3 °C and 1.8 day−1 for Picochlorum
sp. at 30 °C, respectively. While all species failed to grow below 13 °C,
Chlorella was signiﬁcantly more thermo-tolerant, being capable of
growing, although slowly, at 45 °C. By contrast, N. salina and
Picochlorum sp. were unable to sustain growth above 36 and 41 °C,
respectively.
Fig. 1.Maximum speciﬁc growth rate of Chlorella sorokiniana (DOE 1412), Nannochloropsis salina, and Picochlorum sp. measured in continuous light at above saturating light intensity
(≈300 μmol/m2·s−1 or slightly higher) as a function of temperature. Error bars are one standard deviation.
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function of both temperature and light intensity, data which serve as
critical input parameters to the biomass growthmodel (Eq. 4). Themax-
imum speciﬁc growth rate of Chlorella generally (i.e., for temperatures
≥22 °C) increased with light intensity until reaching a plateau at a satu-
rating light intensity of about 250 μmol/m2·s−1, and declined to various
degrees, depending on temperature, at higher light intensities, most
likely due to photo-inhibition. As expected, the maximum speciﬁc
growth rate at the saturating light intensity showed the same tempera-
ture dependency as in Fig. 1, with cultures at the optimum temperature
of 36 °C growing the fastest at all light intensities.
Compared to the culturesmaintained at 22 °C or higher, those grown
at 14 and 18 °C did not exhibit the typical increase of maximum speciﬁc
growth rate with increasing light intensity. By contrast, the maximum
speciﬁc growth rates decreased with light intensity, resulting in com-ig. 2.Maximumspeciﬁc growth rate ofChlorella sorokiniana (DOE 1412) as a function of light intensity at seven temperatures (14, 18, 22, 27, 32, 36, and41 °C). Error bars are one standard
eviation.F
dplete or almost complete growth inhibition of the 14 °C and 18 °C cul-
tures at 280 μmol/m2·s−1 and 1280 μmol/m2·s−1, respectively. The
fact that cultures grown at lower temperatures (i.e., 14, 18, and 22 °C)
are much more subject to photo-inhibition even at relatively low light
intensities (i.e., the lower the temperature, the lower the light intensity
atwhich photo-inhibition occurred) than cultures grown at higher tem-
perature has also been observed by Jensen and Knutsen [49] and
Vonshak et al. [50]. It has been postulated that the mechanisms for
repairing the molecular damage of photo-inhibition are much more ef-
fective at higher temperature, thereby leading to reduced inhibition of
photosynthesis under these conditions [49].
Another important input to the biomass growthmodel is the speciﬁc
rate of biomass loss in the dark (μdark) as a function of average light in-
tensity (Iavg) during the light period and culture temperature during the
dark period (Eq. 5). The μdark data for all three strains used in this study
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and are given in Table S1 for reference. In general, the speciﬁc rate of
biomass loss in the dark increases with increasing average light in-
tensity during the light period and increasing temperature during
the dark period. Finally, the light attenuation curves were measured
for C. sorokiniana (DOE 1412) cultures at different cell densities
(Figure S6-A) and used to calculate the scatter-corrected light attenua-
tion coefﬁcient (ksca) using non-linear regression (Eq. 2).
In order to determine whether the model developed above
(Eqs. 1–5), together with the strain-speciﬁc input parameters given
in Table S1, and Fig. 2 and S6-A, is able to predict the growth of
C. sorokiniana (DOE 1412), we compared the model-predicted to the
measured growth performance of this strain when cultured in two rep-
licate indoor LED-lighted and temperature controlled ponds operated in
batch and semi-continuous culture modes using light and temperature
scripts that were recorded during a two month long outdoor pond cul-
ture experiment during the summer of 2012 at theUniversity of Arizona
Research Station (Figure S4 and Materials & Methods). As mentioned
above in Step 4 of themodelingprocedure, itwas assumed thatChlorella
cells, in well mixed ponds during the daytime, repeatedly lose biomass
in the lower aphotic zone following exposure to light at the culture sur-
face. Since the cells are exposed to relatively high light intensity in the
upper photic zone, particularly in the early growth stages when the cul-
ture is still relatively thin, μdark values for the case of high average light
intensity during the late-exponential growth phase were chosen as
model inputs (Table S1).
As shown in Fig. 3A, the model-predicted and measured biomass
concentrations compared reasonably well during the exponential and
the early linear batch growth phase, i.e., for the ﬁrst 10 days following
inoculation when the OD750 was below 2. However, the model signiﬁ-
cantly under-predicted the measured biomass concentration in theFig. 3. Predicted and measured biomass concentrations (OD750) as a function of time in two ind
during the batch and subsequent two semi-continuous culture phases. (A) Entire batch and sem
erated at two dilution rates as described inMaterial andMethods. The AFDW-based areal biom
and second semi-continuous culture steady state was ca. 12.7 g/m2·day−1, 11.5 g/m2·day−1, alater part of the batch culture phase when cell densities reached an
OD750 as high as 6. The sawtooth pattern of the model-predicted con-
centration curve reﬂects the periodic increase of biomass during the
day, followed by biomass loss at night due to dark respiration. Since
the outdoor ponds were sampled each morning around 10 am, after a
period of biomass loss overnight followed by very little growth in the
early morning hours due to lowwater temperatures, themeasured bio-
mass concentrations should be compared to the predicted early morn-
ing low biomass concentrations following the dark period (i.e., the
diurnal low points of the curve predicted by the model).
The model was particularly successful in predicting the steady-state
biomass concentrations that were measured during the subsequent
semi-continuous culturing mode at two different dilution rates
(Fig. 3B). As was the case for the analysis of the batch culture data, the
measured biomass concentrations must be compared to the diurnal
low points of the concentrations predicted by the model. It should be
noted that themodel correctly predicts the twodifferent declines in bio-
mass concentration that occur each day, i.e., the loss of biomass over-
night due to dark respiration and the reduction of biomass due to
daily dilution with fresh medium at the speciﬁed dilution rate. Until
DOY 205, the ponds were diluted each evening at a dilution rate of
0.45 day−1; this explains the large predicted decrease in biomass con-
centration followed by a smaller decrease overnight. After DOY 205,
the ponds were diluted each morning; this explains the small predicted
decrease in biomass concentration overnight followed by the larger de-
crease due to daily dilutions. As expected, the predicted decrease in bio-
mass concentrations due to daily dilutions becomes smaller when the
dilution rate was reduced to 0.21 day−1 at DOY 210. The model not
only predicted the steady-state biomass concentrations at each dilution
rate but also the transition from the ﬁrst to second steady-state. In con-
clusion, the biomass growth model was successful in predicting theoor LED-lighted and temperature-controlled ponds simulating outdoor Arizona raceways
i-continuous culture experiment; and (B) Semi-continuous culture experiment only, op-
ass productivity during the ﬁrst 12 days of linear batch culture growth, and during the ﬁrst
nd 12.1 g/m2·day−1, respectively.
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as long as the OD750 was less than 2, or equivalently the AFDWwas less
than ca. 400mg/L. Given thatmost industrial scalemicroalgae ponds are
expected to be operated at concentrations below this threshold,
i.e., AFDW b500 mg/L [51], this biomass growth model should be valu-
able in predicting the biomass productivities under different climatic
conditions and pond operational schemes (depth, dilution rate).
It should be noted, however, that the model considerably
underpredicted the biomass concentrations during the later phase of
the batch culture experiment. A possible hypothesis is that the model
over-predicted the biomass losses in the aphotic zone of dense pond
cultures during the daytime because the chosen input parameters for
μdark were too negative due to the above mentioned assumption that
cells are exposed to high average light intensity near the surface of the
pond and thus exhibit relatively large negative biomass loss rates in
the darker, lower part of the pond. However, as the culture density in-
creases with time, the average light intensity that cells are exposed to
at or near the surface declines, resulting in less negative μdark values
(Table S1). The use of such less negative μdark values, experimentally de-
termined for cells grown under lower light intensities, would result in
model predictions even more closely simulating the biomass growth
measurements. However, since no information is presently available
in the peer-reviewed literature regarding the effects of light exposure
on short-term (seconds tominutes) biomass losses due to dark respira-
tion in the aphotic zone of the pond, wewere unable to incorporate this
mechanism in themodeling algorithm. Clearly, more research is needed
to understand how the rapid cycling of microalgae cells through the
light and dark zones of a well-mixed dense pond culture affects the
rate of biomass loss in the aphotic zone.
4.2. N. salina: Laboratory characterization and pond culture modeling
Since it was extremely time-consuming to measure the maximum
speciﬁc growth rate of C. sorokiniana (DOE 1412) as a function of light
intensity at seven temperatures (Fig. 2), we evaluated whether the
much more rapid measurements of photosynthetic oxygen evolution
rate as a function of light intensity (P–I curves) could serve as a proxy
for the relationship between maximum speciﬁc growth rate and light
intensity (μ–I curves). It was found that with the exception of tempera-
tures below 20 °C, the shape of the P–I curves for C. sorokiniana (DOE
1412) were similar to the shape of the μ–I curves (Figure S7 for 27 °C).
Assuming that the observed similarity in shape between P–I and μ–I
curves is not limited to C. sorokiniana, the P–I curves were measured
for N. salina at seven different temperatures (Fig. 4) and the relative
shapes of the P–I curves were used in conjunction with the μ–T curve
measured at saturating light intensity (Fig. 1) to generate the two di-
mensional μ(T,I) array that is needed as model input (Eq. 4).
As in the case of Chlorella, the speciﬁc rate of biomass loss in the dark
(μdark) wasmeasured forN. salina as a function of average light intensity
(Iavg) during the light period and culture temperature during the dark
period (Table S1) and entered as model input parameter (Eq. 5). The
scatter-corrected light attenuation coefﬁcient (ksca) was calculated via
linear regression (Eq. 2) of N. salina culture light attenuation data
shown in Figure S6-B.
In order to determine whether the model developed above (Eqs. 1–
5), together with the strain-speciﬁc input parameters given in Table S1,
and Figs. 1, 4 and S6-B, is able to predict the growth ofN. salina, we com-
pared themodel-predicted to themeasured growth performance of this
strain when cultured in three replicate outdoor raceways operated in
batch culture mode for three months during the winter and spring
of 2011 at the University of Arizona in Tucson, AZ. As shown in
Figure S2, the recorded pond water temperatures were rather low dur-
ing the ﬁrst month of operation, reaching−1.8 °C on February 3, 2011
(DOY 34), resulting in the formation of ﬂoating ice clumps.
When running the model for N. salina assuming that biomass losses
due to dark respiration occur not only overnight but also in the aphoticzone of the pond during the daytime, as was done with success for
C. sorokiniana (see above), the predicted biomass concentrations and
productivity during the linear growth phase were signiﬁcantly lower
than measured in the outdoor ponds (data not shown). However,
when assuming that biomass losses in the dark occur only overnight
and not during the daytime in the aphotic zone, the overall shape of
the predicted and measured biomass concentration versus time curves
look remarkably similar (Fig. 5A). While the model closely predicted
the measured biomass concentrations until DOY 45, it signiﬁcantly
underpredicted the biomass productivity (i.e., biomass concentration
versus time slope) between DOY 45 and 60. After DOY 60, the model-
predicted and measured concentration versus time slopes were very
similar, indicating that the model accurately predicts the biomass pro-
ductivity during the linear growth phase.
There are several potential hypotheses as to why there was a time
lag between model predicted and measured biomass concentrations.
One possibility is that the freezing of the outdoor pond culture in early
February (DOY= 34) imparted unknown stresses on the cells, possibly
resulting in smaller biomass loss rates during the recovery period than
were used as model inputs using laboratory measurements (Table S1)
conducted under controlled and non-freezing conditions. Running the
model with larger biomass loss rates measured in the laboratory rather
than potentially smaller biomass loss rates of cells recovering from
freezing would explain the observed model under-prediction until
DOY 60.
Another possibility is that because the outdoor ponds were tightly
covered overnight until about DOY 69, there was insufﬁcient oxygen
transfer from the air into the culture during the night to enable biomass
losses due to dark respiration [21]. Indeed, when themodel was run as-
suming no biomass loss due to dark respiration overnight, the predicted
and measured biomass concentrations were almost exactly the same
until about DOY 60 (Fig. 5B), providing theoretical support for this hy-
pothesis. Unfortunately, the dissolved oxygen concentrations were not
recorded during the outdoor pond culture experiment. Therefore, it is
impossible to conﬁrm lack of dissolved oxygen as a cause for the poten-
tial absence of biomass loss due to dark respiration overnight.
Finally, a third possibility is that the model input parameters for the
speciﬁc growth rate values at low temperatures were unrealistically
small because they were measured in the laboratory using continuous
light at above saturating light intensity. As was shown in Fig. 2 for
C. sorokiniana (DOE 1412), cells fail to grow at low temperature
when exposed to continuous light at high intensity as a result of
photo-inhibition. When the maximum speciﬁc growth rates of
N. salinaweremeasured in continuous light at above saturating light in-
tensity (N300 μmol/m2·s−1), growthwas still observed at 11 °C (Fig. 1)
but not at 5 °C (data not shown).
In order to determine whether the absence of growth at 5 °C was
possibly due to light stress causing photo-inhibition, the speciﬁc growth
rate measurements were repeated using cultures subjected to alternat-
ing 14 h:10 h light/dark cycles. Under these conditions, signiﬁcant
growth was observed at 5 °C (0.111 ± 0.074 day−1, n = 3) and the
maximum speciﬁc growth rate at 10 °C was much higher (0.588 ±
0.056 day−1, n = 3) than measured previously in continuous light at
11 °C (0.185 ± 0.023 day−1, n = 2). Apparently, as has been observed
earlier [52,53], when cells are given a chance to recover from light stress
during extended dark periods, they exhibit signiﬁcantly higher growth
rates (and photosynthetic oxygen evolution rates) than in continuous
light.
When re-running the model using speciﬁc growth rate values at 5
and 10 °C measured under more realistic conditions of alternating
day–night light cycles, the previous model-predicted lag period disap-
peared completely (Fig. 5C). Although themodel nowpredicts a slightly
earlier initiation of growth than was observed in the outdoor ponds,
perhaps because the speciﬁc growth rates measured in the laboratory
were maximal (and larger than in the actual pond) due to the long ad-
aptation period to a constant low temperature, the overall shape and
Fig. 4. Rate of photosynthetic oxygen evolution of Nannochloropsis salina as a function of light intensity at seven temperatures (12, 16, 19, 23, 26, 29, and 32 °C).
202 M. Huesemann et al. / Algal Research 13 (2016) 195–206slope (i.e., volumetric and areal productivity) of the model predicted
biomass concentration versus time curve is surprisingly close to the
measured data. Therefore, it can be concluded that the main reason
for the model-predicted lag during the cold period (Fig. 5A) was the
use of speciﬁc growth rate values (Fig. 1) that were too small because
they had been measured under conditions causing light stress, i.e., in
continuous light at low temperatures.4.3. Picochlorum sp.: laboratory characterization and pond culture
modeling
As in the case of N. salina, the P–I curves were measured for
Picochlorum sp. at different temperatures (Fig. 6) and the relative
shape of the P-I curveswas used in conjunctionwith the μ–T curvemea-
sured at saturating light intensity (Fig. 1) to generate the two dimen-
sional μ(T,I) array that is needed as model input (Eq. 4). As before, the
μdark data for Picochlorum sp. (Table S1) and the scatter-corrected light
attenuation coefﬁcient (ksca) obtained frommeasured light attenuation
curves of this strain (Figure S6-C)were used asmodel inputs. Themodel
was then run using light and temperature scripts generated by the Bio-
mass Assessment Tool (BAT) for 20.5 cmdeep ponds in Southern Florida
for the month of May (Figure S5).
Aswas the case forN. salina, themodel signiﬁcantly under-predicted
the growth performance of Picochlorum sp. during both the exponential
and linear growth phase if biomass losses in the dark were assumed to
occur not only overnight but also in the aphotic zone of the pond during
the daytime (data not shown). However, when assuming that biomass
losses in the dark occur only overnight, the model-predicted rate of in-
crease in biomass concentrations over the four week culturing period
was reasonably close to the measured values (Fig. 7).
It is not clear why the model did not predict the rapid growth ob-
served in the two ponds during the exponential growth phase. One pos-
sibility is that themodel did not account of changes in pigmentation due
to light adaption and thus a constant ka value of 88.3 (1/m) was used
throughout the entire run. However, when performing the pond culture
experiments, it was observed that immediately following inoculation,
the ka value of cells was only 69 (1/m) but subsequently increased to
ca. 88.3 (1/m), possibly due to adaption of the cells to light limited
conditions. A smaller ka value during the exponential growth phase
will translate into a greater model-predicted biomass growth rate (see
Sensitivity Analysis below).4.4. Sensitivity analysis
Since strain-speciﬁc input parameters (i.e., μ(T), P–I curves, μdark(T,
Iavg), ka) are determined experimentally, a certain degree of variability
is unavoidable. Therefore, a sensitivity analysis was performed to assess
how a 10% increase in the various model input parameter values will
change the predicted steady-state biomass concentrations (OD750) for
the two semi-continuous C. sorokiniana pond cultures described above
(Fig. 3B).
When maximum speciﬁc growth rates (μ) were erroneously over-
estimated by 10%, the average steady-state biomass concentrations
were over-predicted by about 11% (i.e., 13% and 9% for the ﬁrst and sec-
ond steady-state, respectively). Conversely, average steady-state bio-
mass concentrations were under-estimated by about 4 and 12% due to
a 10% increase, relative to the base case values, in the dark biomass
loss rate (μdark) and the biomass light absorption coefﬁcient (ka), re-
spectively. Errors such as these may combine to produce either larger
errors, or they may tend to cancel and reduce the ﬁnal error, resulting
in a predicted steady-state biomass concentration closely approximat-
ing the base case scenario with the original input parameters [3].
Errors in ﬁnal modeling results may also enter through variability in
measurements relating to culture depth (d), incident light intensity (Io),
andwater temperature (T), the latter two being functions of time. Aver-
age steady-state biomass concentrations were over-estimated by 2 and
16% due to a 10% positive error in the Io or T values, respectively. Con-
versely, biomass concentrations are under-estimated by 9% due to a
10% positive error in the d parameter. Errors in the above three physical
parameters can be easily controlled, preventing them from contributing
signiﬁcantly to overall model error. By contrast, in the more involved
experimental measurements of strain-speciﬁc biological parameters,
variability cannot be so easily controlled.4.5. Modeling knowledge gaps and research needs
Althoughwewere successful in validating a truly predictive biomass
growth model for outdoor ponds subjected to light and temperature
ﬂuctuations for three different microalgae strains without “adjusting”
parameters or curve-ﬁtting, a number of major uncertainties still re-
main. In particular, it is not clear how vertical mixing induced light:dark
cycles, assumed to have durations in the range of ca. 33 to 100 s in race-
way ponds [54], affect two critical processes, i.e., recovery from photo-
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daytime.
Regarding photo-inhibition, it is well known that the level of inhibi-
tion not only depends on the instantaneous light intensity but also to
some degree on the light history. For example, algae cells pre-exposed
to high light intensity have lower productivities (or photosynthetic ox-
ygen evolution rates) than cells pre-exposed to low light intensity, a
phenomenon called the hysteresis effect [52]. Similarly, Merchuk et al.
[53] demonstrated that short dark periods in dense turbulent air-lift
photobioreactor microalgae cultures facilitated better recovery from
damage by photo-inhibition. Since cells in well-mixed and relatively
dense microalgae raceway pond cultures are exposed to random
short-term (seconds to minutes) light–dark cycles [54], they also have
the opportunity to recover from light stress during short dark periods
and thus the effect of photo-inhibition on biomass productivity is likely
to be minimal. A possible exception are optically thin pond cultures
(i.e., without dark zones) exposed to high sunlight intensity in the
morning when water temperatures are still low, as was observed by
Vonshak et al. [50].
To incorporate the potential effects of photo-inhibition into the bio-
mass growth model, it will be necessary to better understand how
short-term light:dark cycles affect maximum speciﬁc growth rates, a
critical model input parameter, particularly at low temperatures. Clear-
ly, quantifying maximum speciﬁc growth rates at low temperature in
continuous light, as was done in this study, is likely to result in unreal-
istically small values since cells have no opportunity to recover from
photo-inhibition, i.e., they are continuously light stressed. Using these
unrealistically small maximum speciﬁc growth rate values will then
result in a signiﬁcant under-prediction of biomass productivities in out-
door ponds, as was observed for N. salina during cold season cultivation
(Fig. 5). Therefore, it is suggested that future maximum speciﬁc growth
rate measurements should be conducted at a minimum with diurnal
light:dark cycles, and perhaps even rapid short-term light–dark cycles
to simulate the light history of cells in well-mixed dense pond cultures.
Regarding biomass loss rates in the dark zone of the pond during the
daytime, there are, to the best of our knowledge, no conclusive pub-
lished studies on biomass losses during the short duration (seconds to
minutes) dark periods that are encountered by microalgae cells in
well mixed dense cultures. Lee and Pirt [55] found that the speciﬁc
growth rate of Chlorella sp. increased linearly with the fraction of light
provided during light–dark cycle experiments and that cells maintained
their maximum growth rate, as measured in continuous light, for up to
9.2 s in subsequent dark periods, presumably by metabolizing stored
energy compounds accumulated during the light period. Similarly,
Merchuk et al. [53] observed a linear increase of the speciﬁc growth
rate with light fraction for the red microalgae Porphyridium sp., and
found that cells could remain for up to 6 s in the dark without reduction
in the maximum growth rate observed in continuous light. These ﬁnd-
ings indicate that short dark periods (a few seconds) have no detrimen-
tal effect on the speciﬁc growth rate measured in continuous light and
that longer dark periods (i.e., smaller light fractions) only decrease the
speciﬁc growth rate in a linear fashion, suggesting the absence of bio-
mass losses during short dark periods [56–60].
By contrast, preliminary results from our laboratory indicate that
C. sorokiniana (DOE 1412) cultures exposed to alternating light and
dark periods of 1 and 10 min duration exhibit measurable biomass
losses during the 10 min dark periods. However, if the dark periodsFig. 5. Predicted and measured average biomass concentrations (OD750) of
Nannochloropsis salina as a function of time in three outdoor Arizona ponds operated in
batch culture mode. (A) Model run using original maximum speciﬁc growth rate data
(Fig. 1) measured in the presence of continuous light and assuming overnight biomass
losses due to dark respiration; (B) Same as (A) but assuming no overnight biomass losses
due to dark respiration; (C) Same as (A) but usingmaximumspeciﬁc growth rate data at 5
and 10 °C that were measured in the presence of diurnal 14 h:10 h light:dark cycles. The
measured AFDW-based areal biomass productivity during the linear growth phase was
ca. 3.1 g/m2·day−1.
Fig. 6. Rate of photosynthetic oxygen evolution of Picochlorum sp. as a function of light intensity at six temperatures (18, 22, 24, 26, 30, and 34 °C).
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shown). Based on the modeling results presented above, it appears
that the presence of biomass losses during short-term duration dark pe-
riods is highly strain-speciﬁc since the modeling of Chlorella pond cul-
tures (Fig. 3) was only successful when assuming biomass losses in
the aphotic zone during the daytime while the modeling of
Nannochloropsis and Picochlorum pond cultures (Figs. 5 and 7) was
only successful when assuming the opposite. Clearly, in order to im-
prove the predictive power of any microalgae biomass growth model,
more research is needed to quantify not only biomass losses during
the long dark periods overnight [31] but also during the much shorter
dark periods to which the cells are exposed when circulating in and
out of the aphotic zone of the pond during the daytime.
In addition to photo-inhibition and biomass loss in the dark, there
are several other knowledge gaps that need to be addressed to improve
our ability to model microalgae cultures subjected to ﬂuctuating light
and temperature. Although the biomass light absorption coefﬁcient
(ka) remainedmore or less constant (with random variations) through-
out the entire duration of the pond culture experiments that were car-
ried out with Chlorella, Nannochloropsis, and Picochlorum spp., it is wellFig. 7. Predicted and measured biomass concentrations (OD750) of Picochlorum sp. as a functio
culturemodeusing a BAT-generated light and temperature script for 20.5 cmdeepponds in Sou
during the ﬁrst 10 days of linear batch culture growth was ca. 15.3 g/m2·day−1.known that cellular pigment composition and content change in re-
sponse to variations in light intensity, temperature, nutrient content, di-
lution rate and the resulting steady-state biomass concentrations [61,
62,63]. If there are signiﬁcant changes in pigmentation during the cul-
turing periods, particularly as a result of nutrient limited conditions, it
is no longer correct to assume a constant ka value asmodel input param-
eter. Furthermore, a change in pigmentation also affects the correlation
between optical density and ash-free dry weight, and thereby increases
the uncertainty of biomass productivity predictions. Consequently,
neglecting light acclimation may negatively affect the accuracy of bio-
mass productivity predictions for outdoor cultivation, necessitating ad-
ditional research in this area [31].
Finally, partial inhibition of biomass growth by photosynthetically
produced oxygen can signiﬁcantly affect the accuracy of model predic-
tions [64,65]. In our strain characterization experiments, the maximum
speciﬁc growth rates were measured in ﬂask cultures continuously
sparged with CO2-enriched air, which ensures that photosynthetically
oxygen is continually stripped from the medium, thereby avoiding
growth inhibition by oxygen. However, outdoor pond cultures can ex-
perience large diurnal ﬂuctuations in dissolved oxygen concentrationsn of time in two indoor LED-lighted and temperature-controlled ponds operated in batch
thern Florida, for themonth ofMay. ThemeasuredAFDW-based areal biomass productivity
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night to ca. 40 mg/L in the early afternoon following intense photosyn-
thetic activity duringmidday, data not shown) in response to changes in
incident light intensity. Although there appeared to be no evidence of
signiﬁcant inhibition by oxygen in any of our pond cultures, given the
relatively close model predictions of biomass growth for all three
strains, inhibition by photosynthetic oxygen could potentially occur in
other microalgae strains, thus warranting additional research.
In conclusion, the biomass growthmodel presented herein can serve
as a useful tool for screening promising microalgae strains for their
ability to exhibit high biomass productivities in outdoor ponds or
photobioreactors operated in batch or semi-continuous culturemode, re-
quiring knowledge only of the strain-speciﬁc parameters (μ, μdark, ksca)
and the sunlight and water temperature conditions. Obtaining these pa-
rameters for each strain is presently a laborious undertaking, but with
greater adoption of thismodel, it will be possible tominiaturize and auto-
mate much of this work, allowing for rapid throughput of promising
strains [66]. This will greatly reduce the requirement for outdoor pond
tests, which presently are the bottleneck in the development of
microalgae biomass and biofuels production. Finally, the biomass growth
model,when integratedwith PNNL's Biomass Assessment Tool [4], allows
for the generation of strain-speciﬁc biomass productivity maps for differ-
ent seasons and outdoor pond operational schemes, a topic of currently
ongoing research.
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